Respiratory motion makes it di‹cult to quantify myocardial perfusion with dynamic magnetic resonance imaging (MRI). The purpose of this study was to evaluate an automatic registration method for motion correction for quantiˆcation of myocardial perfusion with dynamic MRI. The present method was based on the gradient-based method with robust estimation of displacement parameters. For comparison, we also corrected for motion with manual registration as the benchmark. The myocardial kinetic parameters, K 1 (rate constant for transfer of contrast agent from blood to myocardium) and k 2 (rate constant for transfer from myocardium to blood), were calculated from dynamic images with a two-compartment model. The images corrected by the present method were similar to those corrected by manual registration. The kinetic parameters obtained after motion correction with the present method were close to those obtained after motion correction with manual registration. These results suggest that the present method is useful for motion correction for quantiˆcation of myocardial perfusion with dynamic MRI.
Introduction
Quantiˆcation of myocardial perfusion by dynamic magnetic resonance imaging (MRI) can be performed with injection of a contrast agent such as gadolinium diethylene triamine pentaacetic acid (Gd-DTPA), with a contrast mediaˆrst pass taking between 30 and 40 s. 1 Because the acquisition has to be gated to freeze the heart beat, it takes more than three minutes to obtain reliable information about the perfusion of the contrast agent. With such a protocol, acquisitions must be obtained without breath-holding, which leads to dynamic gated heart images being degraded by respiration-induced motion during the perfusion study. 2 The simple way to correct respiration-induced motion is the manual shifting of each image toˆt a reference image. 2 This eŠective method is very tedious in practice because more than 100 images are obtained per perfusion study. Another way to cope with this respiration-induced motion is to segment heart-related features, such as the myocardial wall, across the entire perfusion study to be registered. 3 After injection of the contrast medium, one can observe signiˆcant intensity variations in the myocardium and in the blood contained in the right and left cavities. Application of conventional registration algorithms based on myocardial contour detection 1 is di‹cult and may not work adequately in the presence of a perfusion defect. Recently, Nestares and Heegar 4 developed an algorithm for the automatic alignment of MRI volumes acquired with diŠerent protocols, diŠerent coils, or both. Their approach is based on the gradient-based image registration method with robust estimation of displacement parameters. The purpose of the present study was to apply this method to motion correction for quantiˆcation of myocardial perfusion with dynamic MRI and to Fig. 1 . An example of the sum of all pixel intensities in each frame is shown as a function of frame number on the left (a), while the histogram is shown on the right (b). The histogram was divided into two parts at one third of the total bins as shown in Fig. 1(b) . The frames in which the intensity changed rapidly were extracted from the maximum frequencies in theˆrst and second parts shown by solid and dotted arrows, respectively, in Fig. 1(b) . These maximum frequencies correspond to the intensities shown by solid and dotted lines, respectively, in Fig. 1(a) . The frames thus extracted are shown by thin dotted lines in Fig. 1(a) . 106 K. Kawakami et al.
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investigate its usefulness in comparison with the results obtained without motion correction and with motion correction by manual registration.
Materials and Methods

MRI perfusion imaging protocol
Six short-axis slices of the heart were acquired with a Philips Gyroscan Intera Master (1.5T) and phased array coil (ˆve channels) following rapid intravenous injection of 8 ml (0.05 mmol W kg) of Gd-DTPA at a rate of 4 ml W s. Forty phase images were acquired at an R-R interval. As a pulse sequence, saturation recovery single shot turbô eld echo (TFE) was used (repetition time＝3.7 ms; echo time＝1.8 ms; preparation time＝180 ms; ‰ip angle＝15 degrees;ˆeld of view (FOV)＝350 mm; matrix size＝256×102; slice thickness＝10 mm; gap＝8 mm).
Patients
We used data obtained from four patients with old myocardial infarction (two males and two females; 56.7±12.3 years old) in the abovementioned condition. The slices of the heart excluding the tip and terminal were used. Patients 1, 2, 3, and 4 included 4, 4, 3, and 3 slices, respectively. Thus, data from 14 slices in total were used. Patients 1, 2, 3, and 4 had septal, inferior, septal, and anteroseptal infarction, respectively. The total acquisition time for the perfusion study ranged from approximately 60 s to 70 s. Informed consent was obtained from each subject after a detailed explanation of the purpose of the study and scanning procedures.
Automatic registration method
First, we calculated the sum of all pixel intensities in the image in each frame and obtained a histogram indicating the relationship between intensity and frequency in all frames. Figures 1(a) and 1(b) show an example of the sum of all pixel intensities in each frame as a function of the frame number and histogram, respectively. In this study, the number of bins of the histogram was taken as half the total frame number [ Fig. 1(b) ]. Furthermore, we divided the histogram into two parts at one third of the total bins as shown in Fig. 1(b) . It appears that theˆrst part corresponds to the frames in which the contrast agent (CA) has not yet come into the FOV, while the second part corresponds to those in which the CA has come into the FOV. When dividing the histogram into two parts at one third of the total bins, the separation between the frames in which the CA has not come into the FOV and those in which the CA has come into the FOV was better than when dividing it at one half of the total bins. This is the main reason we divided the histogram at one third of the total bins. Finally, we extracted the frames in which the intensity changed rapidly from the maximum frequencies in theˆrst and second parts, as shown by the solid and dotted arrows, respectively, in Fig. 1(b) . These maximum frequencies correspond to the intensities shown by , and (c) show the diŠerence images, the binary images generated from the diŠerence images, and the binary images obtained after labeling processing, respectively. (d) shows that the cardiac mask images are generated by multiplying the original images by the mask image.
the solid and dotted lines in Fig. 1(a) . The frames thus extracted are shown by the thin dotted lines in Fig. 1(a) , and we applied the following process to these frames.
Second, diŠerence images were generated by subtracting each image from the adjacent image, i.e., the image in the next frame as shown in Fig. 2(a) . Binary images were then generated according to a threshold value set as shown in Fig. 2(b) . We took this threshold value as``theˆrst parameter.'' We calculated the total number of pixels with intensities above the threshold value (N) and the sum of the absolute pixel intensity values (I) in each diŠerence image. Since the region including the heart was supposed to have large N and I values, we extracted several images with greater N and I values as candidates of the reference image for registration. The number of these candidates was taken as``the second parameter.'' We then applied labeling processing 5 to these candidates [ Fig. 2(c) ] and calculated the aspect ratio (A) in each image, which is deˆned as the ratio of the length of the minor principal axis of inertia 5 to that of the major one. Furthermore, the N value multi- Fig. 3 . An illustration of a two-compartment model for assessing myocardial perfusion. K1 and k2 denote the rate constant for the transfer of the contrast medium from blood to tissue and from tissue to blood, respectively. C(t ) and Ca(t ) denote the concentration of the contrast medium in the tissue and blood at time t, respectively. plied by A (N×A) was calculated for all candidates, and the candidates with an N×A value exceeding the threshold value were extracted. We took this threshold value as``the third parameter.'' The candidate whose position of the center of mass was closest to the center of theˆeld of view was selected as the mask image. We applied dilation processing 6 to this mask image, and the number of times dilation processing was applied was taken as`t he fourth parameter.'' The original images were multiplied by the mask image to generate the cardiac mask images shown in Fig. 2(d) . Finally, we applied the gradient-based method with robust estimation 4 to these cardiac mask images to yield the displacement parameter values for registration [p in Eq. (A5)]. The details of this method are described in the Appendix. The original images were registered to the reference image with these displacement parameter values.
In this study, we varied theˆrst parameter from 0.05 to 0.20 in steps of 0.05; the second parameter as 6, 10, and 15; the third parameter from 0.25 to 0.75 in steps of 0.25; and the fourth parameter from 10 to 20 in steps of 5. We also investigated their optimal values with all combinations of the four parameters.
Manual registration method
For comparison, we also corrected for motion manually (manual registration method). In this study, this method was considered the benchmark. First, from dynamic images, we extracted the image in which the intensity in the heart was the highest of all frames and took that as the reference image. The rest of the dynamic images were manually registered to the reference image by shifting the target image with a step of one pixel or rotating it with a step of one degree, with the target image superimposed on the reference image.
Evaluation
We evaluated the registration methods from two perspectives: geometric and functional.
In the evaluation from the geometric perspective, the position of the left ventricle over the entire perfusion study was determined and the variation was compared. In this study, the position of the left ventricle was manually determined. The standard deviation (SD) of the position of the left ventricle over the entire perfusion study was calculated.
In the evaluation from the functional perspective, we calculated the myocardial kinetic parameters, K1 (rate constant for transfer from blood to myocardium) and k2 (rate constant for transfer from myocardium to blood) with the twocompartment model illustrated in Fig. 3 . In this study, we deˆned regions of interest (ROIs) inside the left ventricle and on the anterior, lateral, and inferior regions of the myocardium in the images corrected by the manual registration method, as illustrated in Fig. 4 . These ROIs were saved and used for evaluation of cases with and without motion correction by the automatic registration method. In this study, we eliminated the septal region for evaluation because, in our patients, the septal wall was much thinner than the other three walls. We took the time-intensity curve in the left ventricle as an input function [Ca(t ) in Fig. 3 ] and took the time-intensity curves in the anterior, lateral, and inferior regions as outputs [C(t ) in Fig. 3 ]. With the two-compartment model illustrated in Fig. 3 , C(t ) is given by 
[ 1 ]
The K1 and k2 values were calculated byˆtting the C(t ) values thus obtained to Eq. [1] with the nonlinear least-squares method. 8 
Results
First, using the data obtained from four patients, we investigated the optimal values of the four parameters described previously from all combinations. Figure 5 shows an example of the relationship between K1(automatic) W K1(manual) and parameter values, where K1(manual) and K1(automatic) denote the K1 value obtained after motion correction by the manual and automatic registration methods, respectively. Figures 5(a), (b) , (c), and (d) show the case of theˆrst, second, third, and fourth parameters, respectively. In Fig. 5(a) , the second, third, and fourth parameters were taken as 15, 0.75, and 20, respectively. In Fig. 5(b) , theˆrst, third, and fourth parameters were taken as 0.10, 0.75, and 20, respectively. In Fig. 5(c) , theˆrst, second, and fourth parameters were taken as 0.10, 15, and 20, respectively. In Fig. 5(d) , theˆrst, second, and third parameters were taken as 0.10, 15, and 0.75, respectively. On the other hand, Fig. 6 shows an example of the relationship between k2(automatic) W k2(manual) and parameter values, where k2(manual) and k2(automatic) denote the k2 value obtained after motion correction by the manual and automatic registration methods, respectively. Figures 6(a), (b) , (c), and (d) show the case of thê rst, second, third, and fourth parameters, respectively. In Fig. 6(a) , as in Fig. 5 , the second, third, and fourth parameters were taken as 15, 0.75, and 20, respectively. In Fig. 6(b) , theˆrst, third, and fourth parameters were taken as 0.10, 0.75, and 20, respectively. In Fig. 6(c) , theˆrst, second, and fourth parameters were taken as 0.10, 15, and 20, respectively. In Fig. 6(d) , theˆrst, second, and third parameters were taken as 0.10, 15, and 0.75, respectively. As shown in Figs. 5(a) and 6(a), when theˆrst parameter was 0.05 or 0.1, both the K1(automatic) W K1(manual) and k2(automatic) W k2(manual) values were almost unity. When theˆrst parameter exceeded 1.0, the K1(automatic) W K1(manual) value rapidly decreased and the k2(automatic) W k2(manual) value tended to deviate from unity. As shown in Figs. 5(b) and 6(b), although the K1(automatic) W K1(manual) value did not largely depend on the second parameter, the k2(automatic) W k2(manual) value approached unity when the second parameter was 10 or 15. As shown in Figs. 5(c) and 6(c), when the third parameter was 0.75, both the K1(automatic) W K1(manual) and k2(automatic) W k2(manual) values approached unity. As shown in Figs. 5(d) and 6(d), when the fourth parameter was 20, both the K1(automatic) W K1(manual) and k2(automatic) W k2(manual) values became close to unity. These results suggest that the optimum values for theˆrst, second, third, and fourth parameters were 0.10, 15, 0.75, and 20, respectively, within the ranges studied.
Next, we investigated the usefulness of our automatic registration method in comparison with the manual registration method. With our automatic registration method, the four parameters controlling the accuracy wereˆxed to the optimal values obtained above.
The second row in Fig. 7 shows examples of the diŠerence images obtained by subtracting the motion-corrected images obtained with our automatic registration method from the original images. As Fig. 7 shows, large variations existed around the heart. On the other hand, the fourth row in Fig. 7 shows the diŠerence images obtained by subtracting the motion-corrected images obtained with our automatic registration method from those obtained with the manual registration method. They did not show large variations around the heart. Figure 8 shows an example of the trajectories of the position of the left ventricle. Thisˆgure indicates that, when motion was not corrected, the position of the left ventricle varied greatly. On the other hand, its variation was small when the manual and automatic registration methods were used. Table 1 summarizes the variation of the position of the left ventricle in four patients. Without motion correction, the mean of the SD of the position of the left ventricle during the entire perfusion study was 2.04 pixels in the x-direction and 3.70 pixels in the y-direction. With the manual registration method, it was 1.01 pixels in the x-direction and 0.98 pixels in the y-direction. With our automatic registration method, it was 1.11 pixels in the x-direction and 1.33 pixels in the y-direction. These results suggest that our method is useful for motion correction. Figure 9 shows the comparison of the timeintensity curves in the left ventricle and the anterior, lateral, and inferior regions of the myocardium with and without motion correction by the manual and automatic registration methods. As shown in Fig. 9 , the time-intensity curves in the myocardium without motion correction diŠered greatly from those obtained after motion correction by the manual registration method. On the other hand, the time-intensity curves in the myocardium after motion correction by our automatic registration method were very similar to those obtained after motion correction with the Magnetic Resonance in Medical Sciences manual registration method. Therefore, our automatic registration method appears to be equivalent to the manual registration method. Tables 2 and 3 summarize the results of the functional evaluation. As shown in Table 2 , the K1 values obtained without motion correction were substantially diŠerent from those obtained with motion correction by the manual registration method. Especially, the SD values obtained without motion correction were considerably larger than those obtained with motion correction by the manual registration method. On the other hand, the K1 values obtained with motion correction by our automatic registration method were close to those obtained with motion correction by the manual registration method. Similar results were obtained for k2 as shown in Table 3 .
Discussion
Typical correction methods for respirationinduced motion are based on either translations or rotations, which are easy to implement on interactive imaging platforms, or on segmented anatomic features of the heart or landmarks. 2 Theˆrst category is generally tedious to manipulate for numerous frames, and the second requires the extraction of features across all frames. This is di‹cult with cardiac perfusion images having widely varying intensities because classic segmentation techniques based on signal intensity are not suited to this kind of image. 2 The technique described in this paper is based on the intensity of the images, not on segmented features such as landmarks or edges.
Correcting respiratory motion in cardiac perfusion MRI requires deˆning one mask over the region to be registered. The accuracy of perfusion parameters obtained from cardiac perfusion MRI will depend on the accuracy of registration, which can be improved by setting the optimal cardiac mask. Therefore, the important point is to determine how to obtain the optimal cardiac mask. To specify the position of the heart, thresholding is usually used. However, the right ventricle, aorta, or other feature may also be extracted merely by thresholding the signal intensities. Thus, we introduced the four parameters previously described for obtaining the optimal cardiac mask image and determined their optimal values by comparing the perfusion parameters with those obtained from the benchmark dataset. Dornier et al. 2 chose the frame with the best contrast between myocardium and left ventricular cavity for deˆning the cardiac mask. It was drawn by completely including the left ventricle and by extending the margin of the heart into the lung and generally into the stomach. Inside this mask, the left ventricular cavity was removed. They took this mask as an optimal cardiac mask and compared it to a rectangular mask centered on the heart (both the left and right ventricles) in a short-axis view. They found that the optimal cardiac mask allowed a greater reduction in the positional variations of the center of mass of the left ventricular intensities than did the rectangular mask. Furthermore, using the optimal cardiac mask for the registration stage led to perfusion values that were very close to the values obtained with the benchmark dataset.
Results obtained with the rectangular mask gave perfusion parameters with a variability comparable to that obtained directly with raw images. To obtain the cardiac mask image, Dornier et al. manually hollowed the left ventricular cavity from the mask. Although they mentioned that automatic segmentation based on an intensity threshold can easily be used for removing this cavity, 2 determining the optimal threshold value might not be so straightforward.
Most image registration techniques rely on the assumption that corresponding voxels in the two volumes have equal intensity, which is not the case for cardiac perfusion MRI volumes in which wide variations in intensity exist. The alignment algorithm relies on robust estimation, which automatically ignores or limits voxels where the intensities are su‹ciently diŠerent in the two volumes. 4 Dornier et al. used a registration method based on image intensity in a multiresolution scheme. 9 As the registration process is based on signal intensity, this method uses only one cardiac mask image where no changes in signal intensity occur throughout the entire perfusion study. Bidaut et al. 1 used a registration method in which each image from the dynamic sequence was spatially registered to the current reference image by minimizing (after multiplication by the cardiac mask) the mean of the pixel-based squared diŠerences between the current image and the reference image. The minimization took place through a classical least-squares iterative scheme with up to three parameters (two translations and one rotation) for a two-dimensional rigid model geometric transformation. To increase the robustness of the iterative technique, Bidaut et al. enforced boundaries on all three parameters during iteration. Although they remain ‰exible (as part of the user's input), these boundaries were generally chosen to match the most likely range of motion based on the literature. 1 As previously described, the alignment algorithm used in the method presented here is basically the same as that used by Bidaut et al. However, this method diŠers from that of Bidaut et al. in that the M-estimator was used to increase the robustness of the estimation of displacement parameters. 4 Our results suggest that this method is useful and available for image registration even when wide variations in intensity exist, such as in cardiac perfusion MRI.
In this study, we treated two-dimensional images. Thus, the target images were registered to the reference image with a two-dimensional rigid model geometric transformation. Physiologically, the motion of the heart cannot be a pure twodimensional translation in the image plane. Although rotation is sometimes concealed by the thickness of the slices and partial volume eŠects caused by out-of-plane motion, being able to address the rotational component will certainly prove to be even more important for higher-resolution images. 1 Although the reference image for registration wasˆxed to one image in this study, the use of multi-reference images may improve the accuracy of registration throughout the perfusion study. This will be the subject of a future study. Further improvement of processing time will also be necessary, and achievement of real-time correction of motion would be ideal.
Recently, multi-modality image registration has also been performed with an algorithm based on mutual information (MI). 10, 11 The cost function for MI is a similarity measure that does not assume any intensity correlation, but relies only on statistical dependence of intensities. 12 The MI cost function is generally used for registering images from diŠerent modalities, but it is also suited for registering a time series of images. 2 Comparison with the MI-based registration method will also be the subject of a future study.
The registration process used in this study does not include non-rigid transformation. In perfusion analyses, images are acquired in a short-axis view at the same phase of the cardiac cycle. Thus, the similarity in the appearance of the left ventricle in all images is very high, and a non-rigid transformation is not required. 2 Such a transformation could be of interest when registering various patients or when using an atlas for the deˆnition of the ROIs. 2 As described previously, the evaluation of the present method was performed in this study with only four patients with old myocardial infarction. However, further studies with a larger population with various diseases are required to establish the clinical value of our method. This is currently in progress.
Conclusion
The automatic registration method presented in this study appears to be useful for motion correction when quantifying myocardial perfusion with
Magnetic Resonance in Medical Sciences dynamic MRI. This method corrects for most of the motion induced by physiology and free breathing, which allows the quantitative myocardial perfusion parameters, K1 and k2, to be more accurately estimated.
This method is based on the so-called gradient constraint. [13] [14] [15] [16] The main assumptions in this method are that the intensities are shifted from one image to the next and that the shifted intensity values are conserved, that is, f1(x, y, z )＝f2(x＋dx, y＋dy, z＋dz)
[A1]
where f1(x, y, z ) and f2(x＋dx, y＋dy, z＋dz) are the intensities of the two volumes as a function of space, and d＝(dx, dy, dz)
T is the local displacement. Furthermore, this method assumes that the volume intensity function is well approximated by aˆrst-order Taylor series expansion, that is, f2(x＋dx, y＋dy, z＋dz) §f2(x, y, z )＋dx fx(x, y, z )
where fx, fy and fz are the partial derivatives along the axis speciˆed by the subscript. Ignoring secondand higher-order terms in the Taylor series, and substituting the resulting approximation into Eq.
[A1], we obtain: dx fx(x, y, z )＋dy fy(x, y, z )＋dz fz(x, y, z )
This equation relates the displacement at one location in the volume to the spatial derivatives of intensity at that same location. It is impossible to recover the displacement d given only the gradient constraint at a single voxel because Eq. [A3] oŠers only one linear constraint to solve for the three unknown components for the displacement of that voxel. Further assumptions or measurements are required to constrain the solution. One attractive possibility is to consider a global model for the displacement with a small number of parameters of all voxels. 16 Because the volumes to be aligned come from the same subject, a rigid body displacement model with six parameters can be used. Three of the parameters correspond to a translation and the other three correspond to a rotation, and theˆnal change of coordinates can be expressed as a rotation matrix plus a translation vector. For small rotations, the 3-dimensional displacement at each location can be approximated as: However, the least-squares solution is very sensitive to isolated points having high residual errors, or outliers, which have a large in‰uence on the error functional; one really bad voxel with a very large residual, ri, can corrupt the solution. Because the volumes to be aligned may have diŠerent intensities depending on the distribution of the contrast medium, there are voxels for which the intensity conservation is violated, and which thus have large residual errors. Therefore, the leastsquares solution will be corrupted, and alternative error functions have to be used.
Robust statistical estimation techniques are designed to minimize the in‰uence of outliers. One class of robust estimators, called M-estimators, minimizes the sum of a function of the residuals that does not grow indeˆnitely, but rather saturates for large residual errors. Outliers thus have a limited in‰uence on theˆnal solution. Details of M-estimators have been described in the Appendix in (4) . Among the diŠerent choices for the robust error function, we chose to use Beaton and Tukey's biweight function, 17 as was done by Nestares and Heeger.
